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Abstract

Lestravauxprésent́esconcernentla segmentationdezoneshydriquespar la méthodegéoḿetriquedes
contoursactifs.Nousappliquonscettetechniqueà desimagesradar et établissonsun ensembleoptimalde
paramètresd’opération. Nosrésultatsmontrentunedélinéationprécisedescontoursd’unezonehydrique
à partir d’un simplepixeld’amorce. Nousmontronsquela méthodeesttrèsstablepar rapportauchoixdes
paramètrescequi enfait unboncandidatpour uneimplémentationautomatique.

In this work,wepresentsegmentationof floodedareadetectionin spaceborneSARimages.We showthat
thegeometricsnakesmethodis robustto achievethesegmentationwhenappliedto that kind of images.
Our resultsshowan exactsegmentationof hydrousareaedgesfroma singlepixel seed.We showthat the
methodis robustwith respectto parametervaluesmakingit a goodcandidatefor an automaticapproach
implementation.

1 Introduction

An essentialhability of any automaticterrestrialinter-
preterconsistin the segmentationof floodedarea.The
main difficulties with segmentationareoften relatedto
the presenceof noise in the imageor to low contrast
edges. Particularly, in radar imagery, most segmenta-
tion approachesaresensibleto specklenoise.This lim-
itation canbe overheadedusingfilters but with losson
edgeprecision. An efficient methodto recover edges
in an imagewith suchcharacteristicsis basedon active
contoursnakes.

Historically, the active contourmethodwas developed
by assumingthatthecontourcorrespondsto locationsof
significantintensitychange[1] andby addingsmooth-
nessconstraintin attemptto regularizetheproblem[2].
So,onestartswith an initial contourandthenlooks for
admissibledeformationswhich let it evolve towardsthe
desiredcontour[3]. As pointedby Casellesetal. [4], the
parametrizationof the curvesin the classicalapproach
donotallow to getthegeometricalregularityof thecon-
tours. To solve this problem,they proposeda new ap-

proachbasedon level set.Their work is baseduponthe
algorithmdevelopedby OsherandSethianto track the
motion of fronts propagatingwith curvature-dependent
speed[5]. Furthermore,the level set-basedapproach
presentstheadvantagesthattheinitial snakescanbefar
to thefinal stateandthatit canhaveadifferenttopology.

In the presentwork, we presentsegmentationby level
set-basedsnakes.Weusethegeneralmodelproposedby
Yezziet al. [6]. This approachis appliedto thesegmen-
tation of floodedareain spaceborneSAR images. We
show thatthemethodis robustwith respectto parameter
valuesandgivesanexactsegmentationof hydrousarea
edges.

In the next section,we describethe formalism of the
level set-basedsnakes. Beginning with a brief descrip-
tion of theclassicalsnakesapproach,wedescribetheex-
tensionmadeby OsherandSethian[5] andby Caselles
et al. [4] when they introducedthe level set version.
Then, in the third sectionwe describethe application
of thelevel set-basedsnakemethodto radarimages.We
focuson hydrousareasegmentation.From our results,



onecanconsiderthis methodasa goodcandidatefor an
automaticapproachimplementation.

2 Active Contours

2.1 Classical Snakes

The classicalformulation of snakes involves a simple
paradigmbasedon theminimizationof anenergy func-
tion. Generallyspeaking,themethodconsistsin associ-
ating to a parametriccurve
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in a two-dimensional-

image(representedby the pixel coordinates,
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�������� �
	����

) an energy � ����� that is assumedto take the
form � ������� ���  "! �����$#&%'�(��� (1)

Theterm � �  "! �(��� is theinternalenergy of thecurveand
is independentof the underlyingimage. Essentially, it
weightsthe rigidity and tensionof the curve andcon-
trols in somesensetheinherentsmoothnessof thecurve.
Onecandescibeit asa regularizationterm. Thepoten-
tial

%'�����
dependson theimage(i.e. thepixel intensity) ���$	*�
�

).

Findingtheoptimalcontouris typically doneby adding
dynamicsto thesnake. If we allow thecurveto have lo-
caldeformations,thenusingtheLagrangianformulation
for � ����� , we canminimizetheactionandfind a corre-
spondingdynamicalequationof motion.Onethenstarts
with an initial snake andlets it evolve until somesuit-
ableconditionsaresatisfied,i.e. until a local minimum
of thepotentialis reached.

Themainproblemis thattherecanbe(andthereusually
is) morethanoneminimumfor

%+�����
. Typically, there

are local minima associatedwith noisy points, which
are punctualin the image(having a small area). The
advantageof snake formulation is that since the dy-
namicsis controlledby the image,but alsoby a snake
tension,we canadjustthe differentenergiesassociated
with aconfigurationsuchthatthelocalminimumwill be
avoidedandthesnake will asymptoticallyflow towards
the globalminimum. In somesense,we canthink of a
snake asanelasticband;whena local tensionbuilds up
causedby a local impurity, thenit eventuallystepsover
the impurity. If, on the other hand,the obstructionis
moremacroscopic,thenit stopsthere.

Thisclassicalapproachhasbeensupplantedby geomet-
ric snakes for many reasons,one of them is that the
solution is not very stableand the initial snake needs
to be closeto the contour to detect[4]. Moreover, it
doesnot allow for splitting or merging of snakeswhich

makesthe approachinefficient whentherearetopolog-
ically non-trivial contoursin an image. The idea pro-
posedby Caselleset al. [4] to bypassthis difficulty con-
sistsin geometricallyembeddingtheformulationof the
two-dimensionalcurve in threedimensions,i.e. by con-
sideringthe two-dimensionalcurve asa slice of a sur-
facein a three-dimensionalspace.Theadvantageis that
topologically the surfaceremainsconnectedwhen the
two-dimensionalcurvegetsdisconnected.

2.2 Level Set-based Snakes

Geometricsnakes,to beusedhere,arebasedon a level
setrepresentationof acurveandcanbeseenascurvature
dependentpropagatingfronts underthe influenceof a
scalarpotential.

Thebasicideais to consideractive contoursasa given
level of adynamicsurface.,�����-	�.��/�102�3�$	��
��4 56���$	*�7	�.������98

(2)

So onehave to build a differentialequationto describe
theevolution of thecontinuoussurfacegivenby

5
. We

want it to be suchthat the zerolevel is attractedby the
edgein the image. So, the surfacevaluehave to cross
the zero level when the surfacecrossesthe edgeof a
given object in the image. The geometricformulation
of snakes is basedon Euclideancurve shrinkingequa-
tion. Essentially, this equationgovernsthedynamicsof
a curve through : ,�: . ��;=<> (3)

where
;

is the scalarcurvatureand
<>
, the inward unit

normalto thecurve. This equationis suchthat theflow
of theEuclideancurvesmaximizetheshrinkingastime
goeson. Anotherusefulpropertyis that the evolution
is suchthatthecurve convergesto roundpointswithout
developingsingularitiesasit flows. Physically, we can
think of this equationasreducingthe protuberancesof
thecurve fasterthanit doesfor theuniform partswhile
shrinking the perimeter. As in the classicalapproach,
theevolutionequationcanbeobtainedby anenergy op-
timization: simply by associatingthe internalenergy to
thelengthfunctionalof theparametrizedcurve:

? �A@CBDFEEEEE
: ,�: � EEEEE

: �
(4)

Thereis not a uniqueway to extrapolateeq. (3) on the
surface outside the zero level. Following Osherand



Sethian[5], we introducetheinversemappingfunction,G-���
	��
�
, definedby;IH�4 J�G-���$	*�
�K4 H �L�

(5)

Thenwe choosetheevolution of thesurfaceto begiven
by
56���$	*�7	�.����1M

, where
.N�OG-���$	*�
�

for any fixedcon-
stant

M
. As a result,onegetsfrom eq.(3): 5: . �AP : ,�: .RQ JS5 (6)�C4 JS564�J Q$T JS54 JS564(U (7)

2.3 Image Information Representation

The eq. (7) do not take into accountthe information
presentin the image. To addthis information,onehas
to introduceanimagedependantmetric, V , in thelength
functional.?XW � ,�Y�/Z�@ BD V EEEEE

: ,�: � EEEEE
: �

(8)
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On the secondline, one can recognizethe Euclidean
lengthpreviouslyintroduced,eq.(4). Thesecondtermis
thepotentialasintroducedby Kasset al. in theclassical
approach[3] but with anexponentc andwith a denom-
inatorto cut theeffectof largegradient.Thefunction

^
appearingin the last integral denotesthe presenceof a
filter appliedon the image. Typically, onechoosesthe
constants] ��ad�e� andthenis left with thefollowing
metric: V ���
	��
��� ��X#A4 Jb�3^�_ ) �K4 ` (10)

In that form, VCf �
on an edgeand Vgf �

over a per-
fect uniform region. Minimizing the metric dependent
length,eq.(9), andsubstitutingvariables,we get: 5: . � V T J Q JS54 JS564 #&h U 4 JS564�#&JS5 Q J V (11)

wherewe have addeda constantadvectionterm, given
by
h
, which causesa constantcontraction/inflationof

the front for positive/negative valuesrespectively. The
effect of the last term is to attractthe evolving contour
as it approachesan edgeand to pushthe contourback
out if it passestheedge.

Usingtheformulationabove,oneof themainadvantage
of this methodis thatit allows thenumericalimplemen-
tation over a discretegrid in the

���$	*�
�
plane,which is

not thecasein thestandardformulation. However, still
someproblemsremainit we try to discretisethe setof
equationsnaively by usinga centraldifferencescheme.
As discussedby OsherandSethian[5], oneneedsto re-
spectan entropy criterion in order to ensurethe conti-
nuity of theevolution. Thesolutionto thatproblemhas
beendiscussedextensively in [5] andit requiresto sepa-
ratethelevel setequationabovein two parts:: 5: . ��i D #ji+�(;k� (12)

where
i D is thepartnot dependingon thecurvatureandi+�(;k�

thepartdependingonit (thesetermscanbeviewed
asforces). Thentheentropy criterion is satisfiedif one
approximatestheconstantadvectionterm

h
by usingup-

wind schemeandtherestusingstandardcentralscheme
(this is describedin detailsin [7]). The latter scheme
is a generalizationof Godunov’s method[5] and has
beenbuildedsuchthat the frontspropagateminimizing
shocks.

In addition,let usmentionbriefly thatanapparentdraw-
backof theformulationis thatthenumericalcalculation
of the front evolution requiresupdating l � > H � points
for an

>nmo>
image.This canbesubstantiallyreduced

by updatingonly pointscloseto the zero level set [7],
which wehavedonein our implementation.

As initial conditionsfor thelevel setevolution,weusea
conecenteredon a point

�3� D 	�� D � of theform:56���$	*�
���1p ���'Pd� D � H #��3�SPd� D � H P : (13)

wherethezerolevel setis situatedatdistance

:
from the

center. So, the level setis chosento be negative inside
thesnakeandpositiveoutsideit.

The total numberof parametersnecessaryfor a given
segmentationis three(without countingparametersas-
sociatewith filtersandwith theinitial condition).Let us
briefly describetheseparameters:

q h : this is the parameterappearingdirectly in the
level set evolution equation. This is the advec-
tion term,whenit is negativethesnakewill expand
whereaswhenit is positive, it will shrink.Thefirst
caseis usefulwhenwe want to segmentcontours
from theinterior of a pattern.qjr . : when the evolution equationis discretizedin
time,weneedto setascaleof evolution. Thevalue
of thisscalecomesfrom experience(hiddenhereis
thefactthatwe useunit spatialsteps,r �o� r �'��
). If we allow it to betoo big, thenthesnake will



evolve in stepstoo largeto beundercontrol in the
imageandtypically it will stepoveredges.Whenit
is toosmall,thesnakewill take toomany iterations
to movesignificantlyin theimage.q c this parametercontrols the metric V described
above. Typically it affects the dependanceof the
metric on the contrastin the image. The typical
valueis c �ts

but, aswe will describebelow, for
certainvery low contrastcases,c �vu is alsouse-
ful.

Althoughthisseemsto bealot of adjustableparameters,
their valuesremainverystablefor identicaltypesof im-
ages:thesnakesdevelopedherearevery stableandwe
believe they could form a goodbasefor automaticseg-
mentation.

3 Application to radar images

Thefirstapplication(figure3) isanAirborneSARimage
of theAntigonishregion betweeneasternpartof Nova-
Scotia(Canada)andCape-BretonIsland[8]. Theimage
hasbeenacquiredin C-bandusing a HH polarization
with aresolutionof 15.6m/pix. Theimagesizeis

�w�xsws muzywu
pixels.Thegoalis to extractthecoastline.

Figure1: Snakeevolutionafter 1250iterationsfor an experimentof coastlinedetection

Wehaveto dealwith apattern(hydrousarea)thatis very
dark and uniform with coastlinesbeing sharpat some
places,noticeablyin the centerof the image,but being
veryblurryontherighthandside.So,in constructingthe
metricwe have to choosea high exponent(seeeq.10).
We chosec �e��� , with a standarddeviation of { �|y
} �
for the gaussianfilter. The parametersdirectly associ-
atedwith thesnakeevolutionarethetimediscretization,r .~�A�
}�� , andtheadvectionterm.Thehydricareabeing
moreuniform thantheterrestrialarea,we put theinitial
snakesin thehydric areaandchoosetheadvectionterm

suchthatthesnakesinflateastimegoeson,
h��vP�s

. We
chooseasmallvaluefor thisadvectiontermsuchthatthe
snakesdoesnot evolve throughttheblurry coastlineson
theright side.

The resultspresentedin figure 3 hasbeenobtainedon
a 300MHz Pentiumandhasnecessitate1250iterations,
150secondsof CPUtime. Weused15initial snakeswith
a radiusof 2 pixels distributeduniformly in the hydric
area. We observe that the coastlinehasbeenproperly
segmentedby the snakes. Onecanobserve the precise
segmentationof thesmall islandsin thedown left part.

Figure3 (a)showsaRadarsat-Iimageof aportionof the
Winnipeg areaduring the RedRiver flood in 1997[9].
The imageshows water (black areas)over fields. The
imagehasbeenacquiredin standardmodeat a resolu-
tion of 12.5m/pix. Theimagesizeis � �w� m�� ��� pixels.
The goal hereis to find the limits of the floodedareas,
which in this imagearethe black areas.In additionto
specklenoise,thereis a lot of interferenceobjects(in
particularroads)for contourextractionof floodedareas
in theimage.We starttheprocessusing23 initial circu-
lar snakesasshown in figure 3 (a). As previously, the
initial snakeshasbeenplacedin thehydrousareawhich
is moreuniform. As onecansee,the region limits are
highly non-trivial andour startingsnakes are far from
thesegmentedimage.

As previously, wehavechoser .����
}�� astimediscreti-
sation.Thestandarddeviation is { �|�
}�� . For theother
parameters,we have mademany experimentsto show
the stability of the method,seefigures3 (b)-(f). Every
experimenthasbeendonewith inflationarysnakes,but
with anadvectiontermgoingfrom

h��vPNu
to
h+�1P����

.
Asonecouldsee,thelastvalueis toohighandthesnakes
don’t stopat theedgesof thefloodedareabut gothrough
the terrestrialareas.We have alsoexperimentedtheef-
fectof varyingthemetricexponentfrom c �As to c �A� .
This lastparameterasno importanteffectson thesnake



evolution.

The advection term seemsto be the most determinant
parameter. Theresultsandthenumberof iterationsboth
dependonit. Forvaluesbetween

h+�vPNu
to
h'�1P��

, the
resultsis quite stable,but for highervalues,the snakes
fail to stopat the edges.The numberof iterationsde-
creasesalmostlinearly with the valueof the advection
term going from 500 iterationsat

h���PNu
(80 seconds

of CPU time on a 300 MHz Pentium)to 150 iterations
at
h���P����

(18 secondsof CPU time on a 300 MHz
Pentium).

4 Conclusion

In this paper, we have demonstratedtheapplicabilityof
level set-basedsnakes,for contoursegmentationin radar
images.This approachhave importantadvantagesover
thestandardsnakesapproach:

q initial snakepositioncanbefar from thefinal state,q snakescanmergeandsplit,q various parametersmake level set-basedsnakes
moreflexible to variousimagetypes,q they aremorerobustto noise.

Lastpoint is a very importantonefor coherentimaging
like radar. Edgedetectionis alwaysa difficult problem
in SAR imageswhich usually requireextensive image
pre- and post-processing.Our experimentsshow that
level set-basedsnakes seemto be a viable alternative
to edgedetectiontechniquesin SAR images,especially
for semi-automaticwater-terrainseparation.In addition,
when implementedcorrectly, the computationalcom-
plexity is quite slow as it is proportionalto the snake
length,not the imagesize(snake presentedabove took
not morethantwo minutesof CPUtime to calculateon
a 300MHz Pentium).

Our experimentsshow thatlevel set-basedsnakesareof
enoughpratical interestto deserve further work, espe-
cially regardingtheautomaticaspectsof theimplemen-
tation. For instance,a procedureto find initial ”point”
snakes(seedpoints) over a waterareain SAR images
could be coupledto the currentalgorithm in order to
provideanautomaticcoastlinedetectiontool. Otherex-
tensionsto thepresentwork concerntheapplicabilityto
otherimagemodalities.

References

[1] D. MarrandS.Ullman,Proc.R.Soc.B211, pp.151-
180(1981).

[2] T. Poggioet al., Computationalvisionandregular-
izationtheory, Nature317,pp.314-319(1985).

[3] M. Kasset al., Snakes: activecontourmodels, Int.
J.Comput.Vision 1, pp.321-331(1988).

[4] V. Caselleset al.,A geometricmodelfor activecon-
tours in image processing, Numer. Math.66, pp. 1-
31 (1993).

[5] S.OsherandJ.A. Sethian,FrontsPropagatingwith
Curvature-DependentSpeed:AlgorithmsBasedon
Hamilton-Jacobi Formulations, J. Comput. Phys.
79, pp.12-49(1988).

[6] A. Yezzi Jr. et al., Geometricsnakes for edge de-
tectionandsegmentationof medicalimagery, IEEE
Trans.on MedicalImaging16,pp.199-209(1997).

[7] R.Malladi,J.A. SethianandB. Vemuri,Shapemod-
eling with front propagation: a level setapproach,
IEEE Trans.PAMI-17, pp.158-175(1995).

[8] CD-ROM SampleImage Data Set,CCRSAirborne
C/X-SAR, producedby the CanadaCentrefor Re-
moteSensing(1994).

[9] CD-ROM RADARSAT Monitors Natural Disasters:
TheRedRiverFloodof 1997, producedby theCana-
dianSpaceAgency, RADARSAT InternationalInc.
andtheCandaCentrefor RemoteSensing.



(a) initial state (b) ������� , ���\�

(c) �N���$� , ���\� (d) �����$� , �����

(e) �N�=�~��� , �6��� (f) �����~��� , ���b�
Figure2: Experimentof floodedareasdetection
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